Overcoming difficulties caused by insufficient and measurement error ridden price variation is one of the main challenges for estimating consumer demand systems in product space in practise. Let us illustrate the scope of the problem by looking at the British Family Expenditure Survey, a data set that has been at the center of many of the applications of consumer demand systems using budget shares as dependent variable. There is individual specific information on budget shares, incomes and household characteristics for several thousand households in every year, for a period of now over 25 years 1 . This means that there is certainly enough variation to estimate the influence of income on consumption accurately, using even the most sophisticated methods for estimating Engel curves (cf. Blundell, Chen, Kristensen (2007) ). However, there are only aggregate country wide price indices for any given good in any month, meaning that there are at most 300 different observations in the price dimension. Even ignoring minor problems, like the one that different regions are sampled in different months, this is not a lot of price variation compared to the observed consumption/income variation. This is particularly bad news for more elaborate, but data intensive nonparametric methods.
The problem is aggravated by the following fact: These aggregate prices exhibit extremely strong serial correlation. In fact, many of them are I(1), some are even I(2), see Hoderlein and Lewbel (2007) for examples. This reduces the effective price variation dramatically. Moreover, the dependent variables in consumer demand systems in product space are usually bundles of goods, like food or clothing. In our application, it will be demands for certain subcategories of food. It is needless to mention that the composition of these goods varies across individuals. And it is equally needless to mention that one aggregate price statistic for food is a very poor measure of the actual price faced by the individual, which may be strongly determined by the place she buys the articles, and the composition of her bundle of goods. As a consequence, price effects are only imprecisely estimated. Indeed, there are a great number of findings, particularly in the older literature (see Deaton an Muellbauer (1980b) ), and Lewbel (1999) for an overview), which even indicate that compared to what rationality predicts, price effects have the wrong sign, or they have an implausible order of magnitude, which, as our application shows, may well been caused by this shortcoming. 1 We pick the budget share formulation as it is common in applications.
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In this paper, we explore one possible remedy. Following Lewbel (1989) , who elaborates on an older idea by Stone, we construct cross section prices, exploring individual specific variation in the composition of the bundles of goods. Specifically, as Lewbel points out, the use of an aggregate price index can be understood as assuming that all individuals have identical Cobb Douglas preferences for all goods within a given bundle of goods. In our application, the bundles of goods will be several categories of food (meat, milk, vegetables, bread and cereals etc), and the individual goods comprising meat will be pork, chicken, veal and so on. Because all individuals have the same within bundle preference, the price of the bundle is simply a linear combination of the individual prices using the same weights for all individuals. We relax this assumption by assuming that all individuals have idiosyncratic Cobb Douglas preferences for all goods within any given bundle of goods. This means that the price of, say, meat is still a linear price index, but the weights vary now across the population. These individual specific prices are now our new cross section prices. After the researchers who proposed them first we call them Stone-Lewbel (SL) cross section prices.
In the second section, we explain in more detail the theory behind the construction of these cross section prices. The emphasis of this paper is, however, not theoretical but applied. Therefore, in a large number of applications, we explore the ability of the SL prices to overcome the problems mentioned before. Our focus is hereby in particular on the validity of the integrability properties, i.e., the core restrictions implied by consumer rationality. In several different parametric and nonparametric models, we compare the results using SL prices with the standard practise of employing aggregate price indices.
We start this discussion in the third section by defining the rationality properties we consider in this paper. In the fourth section we introduce the data we employ. In sections five and six, we consider the effect of SL prices on parametric and nonparametric analysis, respectively. Our result will show that with SL prices we are able to increase the precision of our estimates dramatically. Qualitatively, there are some minor changes depending on which rationality restriction we consider. For instance, in the parametric model symmetry was rejected, while homogeneity is not rejected when we use price indices. But this picture changes diametrically with SL prices: Now it is homogeneity that is rejected.
Note, however, that in light of our greater precision more rejections should not come as a surprise, as one is not able to reject any null hypothesis if the standard errors are huge.
Indeed, just judged by the simple sum of squared deviations from rationality, SL prices 3
have improved the picture in the sense that those deviations appear less pronounced. But due to the over-proportionally reduced variance, we reject now in some cases where we did not before. Anticipating our conclusion at the end of the paper, we think of such negative results as healthy since they are based on more precise information.
Stone-Lewbel Cross Section Prices
The concept of SL prices is already discussed intuitively in the introduction. It has often been argued that as a consequence of theory price indices should be utility dependent, which in a heterogeneous population would result in all individuals having their own complicated price index which would depend on unknown parameters of the utility function.
However, as we will show below, indices based on Cobb-Douglas preferences are simply linear in the budget shares of goods within a given group of goods, and no individual specific parameters have to be estimated.
Let n be the number of groups and n i be the number of goods in group i. Furthermore, we denote the quantity and the price of the jth good in group i by q ij and p ij , the vectors of q ij and p ij for j = 1, ..., n i by q i and p i , and the vectors of all quantities and prices q ij and p ij by q and p. Let y be total expenditures, and y i be total expenditures in group i. Then w i = y i /y is the budget share of group i, and w ij = p ij q ij /y i is the within group budget share of the jth good in group i, relative to total expenditures in group i. Let s be a vector of observable demographic characteristics.
We assume a weakly separable utility function U (u 1 (q 1 , s) , ..., u n (q n , s)), where U (u 1 , ..., u n ) is the between-group utility function, and u i (q i , s) is the within-group sub-utility function for group i. We assume for simplicity that the group sub-utility functions are Cobb Douglas, but we place no restrictions on the functional form of the between-group model.
The budget share demands of are given by
where p i and m i , i = 1, .., n, are the price index and the equivalence scale for group i, and p = (p 1 , ..., p n ) . We explain now both concepts: First, since we assume homothetic separability this implies that the price index does not depend on the total expenditures in the group. Instead, the price index depends on the prices in the group and the demo- 
From now on we call
., n, the Stone-Lewbel (SL) price for the group i, and the vector π = (π 1 , ..., π n ) the vector of SL prices.
The within-group budget share demand, conditional on the expenditures in group i being y i is
These budget share equations are obtained by maximizing
If we assume, that demands are homothetically separable, y i drops out of h ij , and
for j = 1, ..., n i . From the estimation of h ij we can construct the SL prices π i . Since
can use π i directly in place of prices in estimating the between-group demand equations in (1).
The variation in the demographic characteristics causes variation in the equivalence scales and consequently increases the precision with which the between-group demand equations are estimated. We need only enough price variation to identify the within-group demand models and to construct the equivalence scales. Then demographic variation in the equivalence scales replaces the necessary price variation in terms of estimating the between-group demand model.
We consider the special case, where the within-group sub-utility functions are CobbDouglas:
with is a scaling factor k i , given by
where w ij is the budget share of good j in group i of the reference household. Note the dependence of u i (q i , s) through w ij . We take as reference household the one with average budget shares and construct the SL prices as:
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and use it in place of original price data to estimate the between-group budget share equations. We would like to point out that although the within-group model is CobbDouglas, the between group model can be arbitrarily complicated. Specifically, in section 5 we use the Almost Ideal Demand System (AIDS) of Deaton and Muellbauer (1980a) and in section 6 a nonparametric model to estimate the between-group demand system. This defines the model on individual level. From now on, in order to do econometrics we assume to have a heterogeneous population of such individuals, and hence all variables are denoted by capital letters to indicate that they are random variables that vary across time and population. Consequently, to define the relationship of interest we use the following definitions: Let P define the n-vector of log-prices, where in the following we will use either price indices (i.e., a realization will be log(p)), or SL-prices (i.e., a realization will be log(π)). Moreover, let X denote log total expenditure, (i.e., x = log(y)), W budget shares, and S and A observable and unobservable characteristics. Consequently, the Marshallian demand function in the heterogeneous population is defined W = ϕ(P, X, S, A), and properties of this objects using both definitions of P will be at the core of the following analysis.
3 Analyzing Rationality Properties using SL-Prices:
Models
Rationality Properties: Define theoretical demand functions to be rational if they are derived from utility maximization under a linear budget constraint. Define demand function to be homogeneous if they are homogenous of degree zero in the levels of prices and total outlay. This homogeneity condition is also known as the absence of money illusion, and is one of the key implications of rationality. Other conditions required for rationality are the adding up condition, and negative semidefiniteness (short nsd), as well as symmetry of the Slutsky matrix.
To define the latter two, recall that P defines the n-vector of log-prices, and that the Marshallian demand function for individual with observables S and unobservables
, where X denotes log total expenditure. In the following, let the observables be denoted through Z = (P , X, S ) . For any demand function ϕ, the Slutsky matrix S(Z, A) = (S ik (Z, A)) 1≤i≤n−1,1≤k≤n−1 is defined as the Hessian of the cost function with respect to prices. The elements may be expressed in terms of log-price and 6
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log-expenditure as The parameters of the model are n vectors α and β, and a n × n matrix γ. The model consists of theoretical demand functions of the form
where E(V | P, X) = 0 n and
where
is the log of a price index that deflates total expenditures.
When estimating the standard AIDS model defined through equations (9) and (10), there are a number of issues to consider. The most important one is endogeneity. In consumer demand, total expenditure is taken as income concept, which is justified by assuming intertemporal separability of preferences. In our case, we take total food expenditure as our income concept. Since the categories of goods considered are broad (e.g., meat, fats) and they frequently constitute a large part of total food expenditure, the latter is believed to be endogenous. As instrument, the demand literature usually employs labor income whose determinants are thought to be exogenous to the unobserved preferences determining, say, meat consumption. To allow for endogeneity, we estimate equation (9) using three stage least squares (specifically, GMM with a weighting matrix that is is efficient under homoscedasticity, which for large systems like ours can have good finite 7
sample properties and fewer numerical convergence problems than general efficient GMM.
See e.g., Wooldridge 2002 for details). Estimation is based on the moment conditions
where R 1 ,...,R L is the set of instruments.
In this parametric setup, the adding up constraint is that budget shares sum to one and requires 1 n α = 1, 1 n β = 0, and 1 n γ = 0 n . Homogeneity requires γ1 n = 0 n , and Slutsky symmetry requires symmetry of γ. These restrictions together yield a rational AID system, with indirect utility function given by
where is any function that is strictly monotonically increasing. The AID budget share functions (9) are obtained by applying Roy's identity to equation (13) . In this setup, we implicitly assume that unobserved heterogeneity is not a major issue. However, Lewbel (2001) shows that this approach is very restrictive even in the case when the population is of the same parametric form, with parameters that vary across the population.
Nonparametric Modelling: A more general alternative is nonparametric modelling.
In terms of incorporating observable and unobservable heterogeneity, we use the framework put forward in Lewbel (2001) and Hoderlein (2007) . To this end, we introduce the 
where V denotes the conditional covariance matrix between two random vectors. Disposable income, which we take as an instrument for total expenditure is constructed as in the definition of household below average income study (HBAI). It is roughly defined as net income after taxes, but including state transfers. To account for observable demographic heterogeneity, we include the following demographic household characteristics:
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number of adults, number of male adults, number of retired persons, number of earners, number of children in the household and a variable indicating ownership of a fridge. We provide summary statistics of our data in table 3 in the appendix. 
Issues in Estimation
By analogy with the common approximate AID model, we first linearly regress W on a constant, P , and on X − P W . This is not a consistent estimator, but yields reasonable starting values α, β, and γ for the calculation of g(P ). We can obtain new estimates exploiting the conditional linearity of equation (10) given g(P ). That is, given g(P ), the system is linear in parameters, and this suggests a natural iterative procedure conditioning on an updated g(P ) at each iteration.
A second remark concerns the possibility of the estimation of d. When the total price index and the demand system are estimated simultaneously, the magnitude of d will have an impact on the estimated coefficients via the change of g(P ). In order to avoid the difficulties of such simultaneous estimation, we choose to estimate d using the coefficients α, and γ from the estimation of W , to calculate the translog price index, and reestimate factor demand equations W , until convergence is achieved, i.e. until α, and γ are the same in g(P ) and W . However, the convergence properties of this procedure in finite samples are very poor. Therefore we adopt the simplification carried out in most of the applied studies and we set the value of d to zero.
When estimating the system we only impose the adding up constraints by omitting one good from the system. We estimate the model without the homogeneity and Slutsky symmetry restrictions γ1 n = 0 n and γ = γ , so these restrictions can be tested. We also calculate the Slutsky matrix and test for negative semidefiniteness. To allow for endogeneity we estimate the model a second time using GMM where the set of instruments consists of a constant, log labor income and all elements of P . We evaluate the Slutsky matrix at the average household.
Empirical Results
As the parametric models under both exogeneity and under endogeneity do not generate substantially different results, we only give the detailed results with respect to endogeneity-corrected estimates. We use labor income as instrument for food expenditure. In table 1.1 we show the uncompensated elasticity estimates of each budget share with respect to prices using the price index, along with standard errors. 
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negative eigenvalues, and hence the Slutsky matrix is indefinite. Moreover, note that the Slutsky matrix is also more symmetric in the case of SL prices: all but one restriction have at least the same sign, and often their rough order of magnitude coincides. Far fewer rejections are obtained with individual consumer data in the next section.
The Effect of SL-Prices on Nonparametric Models
Issues in Estimation
In this subsection we briefly discuss issues that arise when we attempt to estimate the object of interest directly, using a nonparametric approach. Since we are using nonparametric regression, we cannot employ many discrete covariates. There are a number of remedies suggested in the literature: One is to use a partially linear regression with scaling as in Blundell, Chen and Kristensen (2007). Since we are already focusing on a subpopulation (and as such using covariate information), we propose to reduce the information in Z to an approximately continuously distributed principal component. Specifically, the covariate Z is constructed as the first principal component of the demographic household characteristics described above. As in the parametric case, endogeneity of total food expenditure is also an issue. Hence we estimate the model a second time allowing for endogeneity of X by using labor income as an instrument and including corresponding control function residuals in the nonparametric regressions, as in Imbens and Newey
Empirical Results
In figures 1-4 in the appendix we show the estimated budget shares of the four categories of goods against log food expenditure, together with 90 % bootstrap confidence bands.
All functions are plotted at the mean level of all other regressors. The budget share of carbohydrates is constant, the budget share of meat is increasing and the budget shares of fats and drinks are weakly decreasing in log food expenditure. As was to be expected there is little effect of the introduction of SL prices on the estimation of the budget share
Engel curves, as these use largely the plentiful income variation in the cross section. Note in particular, that the compensated own price effect of fats is positive across the whole expenditure range, but negative in the case of SL prices. These observations suggest that we may reject negative semidefiniteness with price indices, while we may accept it using the SL prices. Moreover, the confidence bands of the compensated own price effects of all goods are substantially smaller when we apply SL prices instead of price indices, reflecting again the higher precision obtained. From these results it is obvious that SL prices provide a more precise and more reasonable estimate of the Slutsky matrix.
Again we only give the detailed results with respect to endogeneity-corrected estimates. In the nonparametric case the Slutsky matrix differs across observations. We calculate the Slutsky matrix at each observation using the corresponding prices and expenditures.
Then we build the average over all Slutsky matrices. Table 2 Table 2 .5 lists results of the tests of rationality restrictions. We evaluate the estimated nonparametric demand functions and their derivatives at each data point, and for each observation we test whether the demand functions at that point satisfy homogeneity, negative semidefiniteness, and Slutsky symmetry. A rejection means that the original condition, e.g., negative semidefiniteness in the underlying heterogeneous population, cannot hold in the neighborhood of the point where we have tested. Although this gives an accurate picture of the behavior on individual level, it generates a flood of results, and we aggregate across the population as a means of condensing the result. For each hypothesis, Table 4 .5 lists the percent of observations at which the hypothesis is not rejected at the 0.95 confidence level.
Firstly, in contradiction to the parametric results, homogeneity is well accepted, we cannot reject in 93 % in the case of SL prices and 99 % in the case of price indices. This is very comforting as there is no way that negative semidefiniteness can hold without homo- However we have to consider that the rationality concepts described above are applicable to individuals, but not implicitly to many-person households. There is mounting empirical evidence that the unitary model is regularly rejected on household data, e.g. yields symmetry violations, see Browning and Chiappori (1998).
Summary
In this paper we are concerned with the performance Stone Lewbel cross section prices, a devise that allows to increase the cross section variability of prices by exploiting the fact that consumption for various goods within a given bundle of goods varies across individuals. Specifically, a theorem by Lewbel (1989) allows to construct individual specific prices that vary across the population. In the typical situation in demand data, where there is a wealth of cross section variation, but relatively little time series variation, this is a crucial advantage.
The focus of this paper is applied. We analyze the performance of SL prices across a variety of scenarios ranging from standard applied parametric setups to recent more theory heavy nonparametric setups. We interpret our evidence as establishing universally the advantages of SL prices in all settings. The regressions using SL prices are not just more plausible in terms of the sign of the coefficients obtained. Also, the precision of our parameter estimates improves dramatically. In so far as this has as consequence that economic theory is rejected we conclude that SL prices allow a more decisive look at the data. However, most point estimates obtained actually show that economic theory fares better, even in light of the higher precision. In particular, negative semidefiniteness, arguably the core property of consumer rationality, appears to be better supported by the data now. We conclude that, wherever they can be constructed, SL prices may very well be a way out of the problem of insufficient and nonstationary price variation in practise, and recommend their use.
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Appendix: Graphs log food expenditure 90% confidence band width
